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Abstract 
Electrocardiogram (ECG) analysis is the method for cardiac arrhythmia diagnosis. Cardiac arrhythmia is a group of diseases in 
which the heart beat shows irregularities. The classification of the correct type of Arrhythmia is a necessary and critical issue 
which becomes difficult in certain cases. In certain cases the Atrial Electrical Activity(AEA) signals are hidden in some other 
waves and they cannot be detected and classified easily from surface. This paper presents a method by which classification of 
cardiac arrhythmia is done by processing the ECG. The procedure is done by identifying the QRS complex and thus its position 
in the preprocessed digitised ECG. The AEA signals in the ECG is identified using a semi-automatic method called Separation 
Using Maximum Energy Ratio (SUMER), which is found efficient in identifying the hidden waves. In SUMER, an energy ratio 
based cost function is created and maximized using the gradient ascent method. After identifying the first AEA, the precise 
positions of all the AEA waves are identified. The ratio between the QRS complex and the AEA waves is calculated and based 
on the ratio the arrhythmia type is identified. The proposed method would help in better and easy classification of arrhythmia at 
its early stage. 
Keywords: Cardiac Arrhythmia, Atrial electrical activity, QRS detection. 
1. Introduction 
Cardiac arrhythmia, also known as cardiac dysrhythmia or irregular heartbeat, is a group of conditions in which 
the heartbeat is irregular, too fast, or too slow. A heartbeat that is too fast, above 100 beats per minute in adults  is 
called tachycardia and a heartbeat that is too slow,below 60 beats per minute,is called bradycardia. Many arrhythnia 
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have no symptoms. When symptoms are present these may include palpitations or feeling a pause between 
heartbeats. More seriously there may be lightheadedness, passing out, shortness of breath, or chest pain. While most 
arrhythmias are not serious some predispose a person to complications such as stroke or heart failure. Others may 
result in cardiac arrest.   
             Pathologies of the heart are often expressed as cardiac arrhythmia, presenting irregular electrical activity and 
leading to abnormal mechanical activity of the heart. The atrial electrical activity (AEA) waves (commonly referred 
to as P waves in normal sinus rhythm, or P or F wave during cardiac arrhythmias) constitute one of the main key 
features for diagnosis, as their relationship to the QRS complexes and the ratio between AEA-waves number to QRS 
complexes number may indicate a certain type of arrhythmia. Nevertheless, the task of detecting AEA-waves is very 
challenging in some arrhythmias in which the AEA-waves are concealed in other ECG components. This difficulty 
might result in arrhythmia false diagnosis, e.g., atrial flutter can sometimes be misclassified as atrial or sinus 
tachycardia because the F wave is concealed in the T wave or looks like a P-wave. 
 
Figure 1: Schematic representation of Normal Sinus Rhythm 
 
 The remaining portion of the report is arranged as follows : Section 2provides a study of all the existing 
systems and its disadvantages,which make the proposed system a necessary matter. The proposed system is 
described with all its procedures in Section 4 and finally a conclusion is drawn regarding the system along with the 
future enhancements. 
2. Existing System 
ECG analysis is critical for diagnosis and treatment of critically ill patients [1]. Cardiac arrhythmias using two intra-
cardiac channels can be detected using the correlation waveform analysis (CWA) [2].A technique based on averaged 
threshold crossing intervals was proposed for the detection of VT and VF based on heart rate measurements [3].A 
Fourier transform based algorithm has been proposed for the detection of supraventricular rhythms from ventricular 
rhythms [4]. The limitation that comes with it is that the method depends on the uncorrelatedness and the 
dependence of the AEA and VEA waves.During past decades, studies have been done in the field of cardiac 
arrhythmia classifiers. Arrhythmia, one of the fatal disorders of the heart has to be identified and classified 
according to the condition of the heart rhythm observed in the ECG . Many attempts have been made to develop an 
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easy and efficient classifier. One of the methods used for classification is the frequency domain based classification. 
Another method used for classification is using the autoregressive modeling [5].The classification using RR – 
interval signal is another existing system for classifying the ECG based on the type of arrhythmia [6].Ventricular 
fibrillation is detected and classified using threshold crossing intervals (TCl); peaks in the autocorrelation function 
(ACF); signal content outside the mean frequency (VF-filter); and signal spectrum shape (spectrum) [7].A 
discrimination is done between the normal rhythm heart beat and the irregular rhythm associated with the 
Ventricular Fibrillation (VF). It is done by signal analysis in time domain or frequency domain.As a result of 
inability to detect AEA-waves, in many cases, arrhythmia confirmative diagnosis takes place only during an 
invasive procedure (electrophysiology study—EPS). Although vast research was conducted in the AEA detection 
field during the past few decades, there is still a significantly insufficient ability in detecting hidden AEA-waves. 
Some techniques demand prior knowledge of arrhythmia mechanism. 
3. Proposed System 
To overcome the disadvantages of the existing systems, a semi- automatic method for classification is proposed [8]. 
The method combines a real time QRS detection algorithm with a semi automatic AEA detection algorithm named 
Separation Using Maximum Energy Ratio (SUMER) and a set of deterministic rules to classify cardiac arrhythmia. 
The major steps in the process are: Digitisation, preprocessing, QRS detection, feature extraction, one AEA wave 
detection, detection of all AEA waves using SUMER and arrhythmia type decision. Block diagram of the procedure 
is shown in Figure 2. 
 
 
 
 
 
 
 
 
 
Figure 2:  Block diagram of the proposed system 
3.1  Digitisation of ECG 
The ECGs are obtained at real time from the St. Gregorious Cardiac Centre, Parumala, Kerala and Marian 
Hospital Pala, Kerala which is then digitized for the actual processing to be done efficiently, by sum of RGB 
method. 
3.2. Preprocessing 
Preprocessing is done using a band pass filter with 0.5Hz- 49.5 Hz band frequency. The band pass filtering 
is done as a preprocessing step to avoid the high frequency noises and base line wandering. 
3.3. QRS Detection 
A real time QRS detection algorithm is used to detect the QRS complex in the ECG[17].The slope of the R 
wave is the most important feature used to locate the QRS complex, which alone is insufficient though. The digital 
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signal is passed through a sequence of steps that include three linear digital filters.The adaptive thresholds will then 
approximate the location of the QRS complex. 
3.3.1. Bandpass Filter 
Inorder to maximize the QRS energy, the desirable passband is 5-15Hz. The bandpass filter reduces 
baseline wander, muscle noise and T- wave interference. The filter is a fast and recursive in which poles are located 
to cancel zeroes on the unit circle of the z- plane. This approach resulted in a design with integer coefficients. Due to 
the pole location, there is a limitation in the passband flexibility. Hence the low pass and high pass filters are so 
designed to obtain a 3dB passband  from about 5-12Hz, which is closest to the design goal. 
3.3.2. Low Pass Filter  
A low pass filter is the filter that passes the signals with a frequency lower than the cut off the frequency 
and weaken or reduce the frequency higher than the cut off frequency. The transfer function of the second order low 
pass filter is  
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where T is the sampling period. The difference equation of the filter is  
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where the cutoff frequency is 11Hz. 
3.3.3 High Pass Filter 
The high pass filter is designed based on the subtraction of the output of afirst order low pass filter from the 
samples in original signal. The transfer function of such a filter is  
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The low cut off frequency of this filter is 5Hz. 
3.3.4 Derivative Function  
To find the QRS complex slope information, the signal is differentiated with the help of a five point 
derivative with the transfer function 
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The difference equation is  
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3.3.5 Squarring Function 
To make all the data points positive, after differentiation the signal is squared point by point. Such a 
squaring operation does non linerat amplification of the output of the derivative thus emphasizing higher 
frequencies. The equation of the squarring operation is 
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3.3.6 Moving Window Integration 
In addition to the slope of R wave, a few waveform features can be extracted using moving window 
integration calculated using the equation, 
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where N is the number of samples in the width of integration window. The width of the window is the maximum 
possible width of the  QRS complex. If the window is too wide it may integrate QRS complex and T wave together. 
If it is too narrow then the QRS complex may produce more than one peak in the waveform. Hence the width of the 
integration window is important in the detection process which is found empirically here and is approximated as 30 
samples wide (150ms). The rising edge of the integration waveform corresponds to the QRS complex. The QRS 
complex width and the time duration of the rising edge are equal. The location of the QRS complex can be marked 
according to the desired waveform feature such as the rising edge of the R wave. 
3.4 Feature Extraction  
Two important features – heart rate and regularity- are extracted from the signal using QRS complex and 
its inside waves. The ECG signals are studied with 10seconds sample length. By knowing the sample length, heart 
rate can be calculated by simply multiplying the number of R waves detected in the sample signal by 6, in beat per 
minute units.The regularity measure of the sample is calculated by creating a histogram of the RR intervals with 
10millisecond bin width and then dividing the sum of two highest counts by the total count. A width of 0.5 or below 
is considered irregular. 
 Based on these features a search window is defined before (window 1) or after (window 2) the QRS 
complex. According to the observed signal’s RR interval, the window length is calculated. Window 1 starts at 25% 
of the mean RR interval length at the left of the Q wave with a length, 20% of the mean RR interval. Window 2 
starts at the S wave and lengthens upto 35% of the mean RR interval. 
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  Figure 3. AEA wave search windows 
3.5 One AEA wave Detection 
The ECG signal is divided into two segments – a delineated segment and a undelineated segment. The 
delineated segment contains the single AEA wave which is identified manually by a cardiologist. 
3.6 Detection of all AEA waves 
 The AEA waves are detected using a semi automatic method in which the sources are at first separated and 
then the AEA waves time location are detected by finding a linear combination which that will represent the AEA. 
The algorithm finds c weight coefficients, one for each lead in the ECG. The main concept behind the algorithm is 
to find a linear combination that converges to a signal that has maximum ratio between the energy in delineated 
segment and energy in the Undelineated segment. Thus the method is calles Separation Using Maximum Eneregy 
Ratio (SUMER). The resulting signal is expected to have amplified AEA waves. The steps in SUMER algorithm 
are: 
x Segmenting the ECG signal into marked and unmarked segment, manually. 
x Subtracting the mean of each segment. 
x Finding the energy ratio between marked and unmarked segments 
x Creating a cost function of the energy ratio with initial random weight coefficients 
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               where si represents the marked segment of lead i (with length of K samples), is
~
 represents all the non-
marked segments of lead i after concatenating them into one signal with M samples, and wi is the weight 
coefficient of the ith lead. 
x   The cost function is optimised to its maximum by updating the weight coefficients using  gradient ascent 
method by adding iteratively the gradient of the function to the coefficients from the last iteration until the 
algorithm converges to a fixed value 
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where f' is the gradient of the cost function, pP is the step size and p is the iteration index. The step size 
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value used is pP =1, in cases where the iteration is repeated with  pP =0.9 pP  if the cost function of the 
algorithm iteration is found to be less than the one obtained by equation (12). 
x   The obtained signal is 2-16Hz band pass filtered using a Butterworth forward/backward filter of the order 8 
inorder to remove the QRS remnants and low frequency distortions. 
x   The resulting filtered signal is checked to find AEA waves with its value higher than a predefined threshold. 
The threshold can be fixed or adaptive to the specific signal measured properties. In order to obtain suitable 
threshold for the signals the two features: heart beat and regularity measure. Threshold is calculated as : 
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
where HR is the Heart Rate, VR is the Regularity Measure and a to d are scalars. The values a to d are 
calculated empirically and is found to be a=6, b=110, c=0.3 and d=13.2 
3.7 Arrhythmia type classification 
According to the results obtained from the SUMER algorithm, the location of the QRS complex and the 
features obtained, with help of a certain decision rules, the arrhythmia type is determined.The schematic 
representation of the procedure is shown below : 
 
Figure 4 : Schematic representation of decision set of rules. 
 
 
                                        
      (a)          (b) 
 
Figure 5: ECG signal with identified (a)QRS peak (b) AEA wave 
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4. Results  
The signals were collected from Marian Hospital, Pala, Kerala nd St. Gregorios Cardiac Centre, Parumala, Kerala at 
real time and were digitized using RGB method in Matlab software. The evaluation was performed on 10 second 
signal sample. The study group consisted of 26 patients with 8 patients showing atrial flutter, 7 patients showing 
AVNRT and 11 patients showing Sinus Rhythm. 
 
Table 1.  Study Table 
Case Number of patients Number of segments 
Sinus Rhythm  11 61 
Atrial Flutter 8 41 
AVNRT 7 34 
Total 26 135 
 
All algorithms were performed using Mathworks Matlab software. The sensitivity measure is given by,  
                      Sensitivity = 
FNTP
TP
                           (15) 
the specificity measure by,  
                       Specificity = 
TNFP
TN
  (16) 
and the accuracy measure by, 
                      Accuracy = 
FNFPTNTP
TNTP


 (17) 
 
The best results are obtained in case of atrial flutter – 98.9% sensitivity, 97.02% specificity, 96.88% accuracy.  The 
performance of the system in various types of arrhythmia is shown in Table 2. 
 
Table 2. Proposed system performance 
Case Sensitivity (%) Specificity (%) Accuracy (%) 
Sinus Rhythm 84.14 94.9 93.00 
Atrial Flutter 98.9 97.02 96.88 
AVNRT 77.03 96.03 93.64 
Average 86.69 95.83 94.51 
 
5. Conclusion  
The proposed system for classification of arrhythmia is found to produce better results than the existing systems for 
classification. The system uses a semi-automatic method for AEA detection which is found to be effective and less 
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time consuming than doing it manually completely. It is less complex and less time consuming. It is helpful and can 
be used in 12- lead ECGs which are directly collected from the machine since the digitization process is done as  an 
initial step in the procedure. Supra Ventricular Tachycardia which include Atrial Flutter was poorly classified by the 
existing systems, which is done efficiently by the proposed system. The detection of AEA wave in the hidden wave 
case was found to be impractical in all the systems existing for AEA wave detection which is proved to be possible 
by the SUMER algorithm. Thus the proposed system is found to have several advantages over the existing systems 
for classification and is found effective in all cases. As a future enhancement, the classification can be enhanced to 
classifiy all the type of arrhythmias. 
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